A rapid method of predicting the growing situation of Pseudomonas aeruginosa is presented. Gas sensors were used to acquire volatile compounds generated by P. aeruginosa on agar plates and meat stuffs. Then, optimal sensors were selected to simulate P. aeruginosa growth using modified Logistic and Gompertz equations by odor changes. The results showed that the responses of S 8 or S 10 yielded high coefficients of determination (R 2 ) of 0.89-0.99 and low root mean square errors (RMSE) of 0.06-0.17 for P. aeruginosa growth, fitting the models on the agar plate. The responses of S 9 , S 4 and the first principal component of 10 sensors fit well with the growth of P. aeruginosa inoculated in meat stored at 4 °C and 20 °C, with R 2 of 0.73-0.96 and RMSE of 0.25-1.38. The correlation coefficients between the fitting models, as measured by electronic nose responses, and the colony counts of P. aeruginosa were high, ranging from 0.882 to 0.996 for both plate and meat samples. Also, gas chromatography-mass spectrometry results indicated the presence of specific volatiles of P. aeruginosa on agar plates. This work demonstrated an acceptable feasibility of using gas sensors-a rapid, easy and nondestructive method for predicting P. aeruginosa growth.
A vital food microorganism, Pseudomonas aeruginosa is a common opportunistic human pathogen that is widely distributed in the environment; it plays an important role in the spoilage of a variety of foods 1, 2 . There is an urgent need to develop a rapid, accurate and sensitive method to predict the quality of P. aeruginosa in foods, especially in high value foods such as meat. Generally speaking, aerobic storage of meat allows Pseudomonas spp. to become a dominant spoilage bacterium at different storage temperatures 3 . It was reported that Pseudomonas spp. were specific spoilage organisms (SSO) in chilled meat, which had an obvious advantage in the growth rate over other bacteria under aerobic conditions 4, 5 . SSO referred to the microbe that mainly caused food sources spoilage and made them produce off flavors in the process of spoilage 6 . It's feasible that SSO was chosen to establish mathematical models used for predicting the decay of food because only few species and strains, namely SSO, in the initial microbial association caused the spoilage of food sources. Also, Egan 7 pointed out the spoilage in chilled meat was mainly caused by aerobic gram-negative bacteria under aerobic conditions, which was simply regarded as caused by Pseudomonas spp. to a certain extent.
Currently, predictive microbiology is a powerful tool in predicting microbiological changes in food, which aims to establish mathematical models used for describing dynamic changes of microorganism over time under specific conditions 8 . Many factors have an important influence on the growth situation of microorganism, including factors that arise during the processing and distribution of the food (i.e., temperature, humidity, packing conditions, etc.) or that pertain to the natural characteristics of the food (pH value, sensory score, etc.) 9 . Studies have been done that produced kinetic models for predicting the growth situation of microorganism, especially lag time and maximum specific growth rate. In recent years research has focused on predicting spoilage microorganisms in food in this field 10 . Certain mathematical models are reported to provide a qualitative or quantitative description for dynamic changes of Pseudomonas spp [10] [11] [12] . For, example, Walter 13 established kinetic models for Pseudomonas fluorescens under various treatment conditions in whole milk using a modified Logistic equation.
Li et al.
14 evaluated fitting growth models of Pseudomonas spp. at different temperatures using both modified Gompertz and Huang equations. However, these studies, which are based on microbiological analysis, suffer from several defects (i.e., a large amount of pretreatment work, the large number of elements required for the operation, a long period of training, the delay in obtaining results, etc.), especially when conventional microorganism counting is involved. Thus, we must develop a method for monitoring and predicting the growing situation of Pseudomonas spp. in food that is easier and faster than the conventional microbiological analysis method.
Odor is a sensitive index in the food industry, and is especially important when decay or decomposition occurs in foodstuffs due to microbial infection. Gas sensors, usually called an "electronic nose, " have been widely used for detecting and determining the quality of microorganisms in food [15] [16] [17] . As is generally known, microorganisms produce many different kinds of volatile compounds (microbial volatile organic compounds, or MVOCs) 18 . MVOCs are important components of microbiological metabolites and contain abundant biological information 19 . Hu et al. 18 evaluated microbial volatile metabolites of three Pseudomonas species and provided an important differentiation of these three strains using an electronic nose combined with GC-MS. A more specific profile regarding MVOCs may be supplied using GC-MS, but that method consumes a great deal of time and labor. Gas sensors are a more practical tool for monitoring microorganisms due to their sensitivity to certain specific MVOCs. Previous studies have applied gas sensors to detect MVOCs and identify the species of food microorganism that produced them. Gutiérrez-Méndez 20 evaluated the aroma generation of Lactococcus lactis strains using an electronic nose and successfully classified 23 strains into 4 distinctive groups according to their aroma profiles. McEntegart 21 similarly discriminated two strains of Escherichia coli using a special array of gas sensors. This discrimination also exists in volatiles that are distributed by food infected with different strains of microorganisms, and this confirms the feasibility of using gas sensors to detect and determine the quality of different strains of microorganisms in food. Lippolis 22 et al. classified different Penicillium strains according to whether they produced ochratoxin A using a MOS-based electronic nose, and he achieved recognition percentages of greater than 82%. Also, there was qualitative or quantitative relationship between the odor and colony counts in food. Wang 23 et al. established prediction models for different Zygosaccharomyces rouxii strains in apple juice using an electronic nose, with a correlation coefficient in the range of 0.97-0.98. However, almost all of these studies were aimed solely at successfully classifying the different species, quantity, and metabolites of microorganisms using an electronic nose, or at establishing the relationship between the properties of the microorganisms and their smell fingerprint. No studies have been done to date that show that the dynamic growth situation of microorganisms may be predicted by odor fingerprint information. Some kinetic parameters in particular play an important role in microorganism changes over time, such as lag time and maximum specific growth rate. They are vital for food safety but difficult to describe and predict based on conventional microbiological analysis in predictive microbiology 24 . A large amount of research has been focused on developing kinetic models and parameters of Pseudomonas spp. in meat using microbiological analyses, but these models are time-consuming and laborious methods of modeling Pseudomonas spp. growth 25 . Therefore, in our work, gas sensors were used to establish kinetic models of P. aeruginosa for predicting the growth situation. Simultaneously, odor profiles provided by P. aeruginosa inoculated on an agar plate were analyzed by headspace solid phase micro-extraction (HS-SPME) and GC-MS, were used to seek characteristic volatiles of this strain. The purpose of this work was to select optimal sensors to simulate the growth kinetics of P. aeruginosa on an agar plate and in meat stuff, and then to evaluate these dynamical models and kinetic parameters based on selected sensors in comparison with models based on colony counts of P. aeruginosa.
Results
Growth simulation of P. aeruginosa on agar plates by gas sensors. Gas sensors response. Figure 1 shows the response values of 10 gas sensors of an agar plate sample inoculated with P. aeruginosa for 36 h. Each response curve represents the G/G 0 value of a single sensor when a sample gas entered in the chamber. G 0 and G respectively represented the conductance of the 10 sensors in touch with clean air and the sample gas in the headspace. During the course of the measurement, the G/G 0 value of most sensors gradually deviated from the initial value (G/Go = 1) in most of the samples. At the beginning of the measurement (0-20 s), the conductivity of each sensor constantly changed; it was gentle at 30 s and reached a peak at 55 s, apart from S 2 and S 4 . Responses of 10 sensors of the control group (CK) had smaller changes over time and they were not regular ( Supplementary Fig. A1 ). Because all sensors showed a stable response value in the time period from 55 s to 58 s, the response value at 58 s was chosen for the data analysis. As Fig. 1 shows, S 8 , S 10 and S 6 presented higher response values and experienced more significant changes than the other sensors, suggesting that these three sensors were more sensitive to the volatile compounds of P. aeruginosa on the agar plates.
Sensor selection. Selection of the sensors applied to the growth simulation of P. aeruginosa depended mainly on whether they responded significantly to the volatile compounds of the plates inoculated with P. aeruginosa. The contribution of 10 sensors combined with the volatile compounds of plates inoculated with P. aeruginosa was weighed by loading analysis. The results showed that the first principal component of loading analysis (LA 1) accounted for 84.19% variance and determined each of the 10 sensors on the contribution. Thus, the combination of the sensors with the highest response included S 8 , S 6 , S 10 , S 9 and S 7 according to LA 1 ( Supplementary Fig. A2 ).
Duncan's multiple comparison test (P < 0.05) of one-way ANOVA by SPSS 18 (SPSS, Inc., Chicago, IL, USA) was carried out to evaluate whether the performance of the 10 sensors differed significantly in detecting the volatiles generated by P. aeruginosa at different detection points during 48 h of incubation on the plate (Supplementary  Table B1 ). If one sensor achieved better discrimination over the entire course of the incubation process, then it should be selected for use in the growth simulation of P. aeruginosa on the plate 26 . The results demonstrated that only S 5 met the full differentiation criteria across all of the detecting points in the incubation. S 1 , S 3 , S 7 , S 8 and S 9 each distinguished four detecting points during the whole incubation. S 6 and S 10 produced significantly different results at the three detecting points. S 2 and S 4 found only a small difference in the volatile compounds generated by P. aeruginosa at different detecting points.
Pearson correlation analysis was performed to measure the linear relationship between the signals of the 10 sensors and the colony counts of P. aeruginosa during the incubation on the plate (Supplementary Table B2 ). According to the results, S 8 and S 10 formed a comparatively highly correlated block, yielding (respectively) a logarithmic (base 10) function of Colony Forming Unit (CFU) of P. aeruginosa of 0.885 and 0.942. However, other sensors displayed a low correlation with the logarithm of CFU in a range of 0.151-0.525. Although several sensors (i.e., S 6 and S 5 ) produced a more significant contribution or found significant differences in the volatiles generated by P. aeruginosa during the incubation, the change trends of the response value of these sensors were inconsistent with the actual growth situation of the bacterium. Hence, they were not taken into consideration. Considering the results of the load analysis, variance analysis and Pearson correlation analysis, only S 8 and S 10 were preliminarily identified as sensors suitable for growth simulation prediction of P. aeruginosa on the agar plate.
Growth simulation of P. aeruginosa on agar plates. According to the results of the sensor selection, S 8 and S 10 were employed to simulate the growth situation of P. aeruginosa on the agar plate using modified Gompertz and Logistic models. The two mathematical models were the most typical and basic models for simulating microbial growth [27] [28] [29] . The simulation equations and model parameters of S 8 and S 10 are displayed in Table 1 ; the growth curves of S 8 and S 10 using Gompertz and Logistic models are shown in Fig. 2(a-f) . The fitting growth models from two sensors produced high R c 2 s, in a range of 0.89-0.93, and a low RMSE C , with the values ranging between 0.06-0.17 based on modified Gompertz and Logistic models. Therefore, the model for the training data set of S 10 had better simulation accuracy, with higher Rc 2 values of more than 0.9 and a lower RMSE C of 0.06. Following validation by the testing dataset, the model parameters of S 10 were 0.9499 (R p 2 , Gompertz), 0.9908 (R p 2 , Logistic), 0.0505 (RMSE P , Gompertz) and 0.0499 (RMSE P , Gompertz), respectively, which were superior to the R p 2 s and RMSE P of S 8 in the test dataset using the two modified models.
The colony count of P. aeruginosa on the agar plates was calculated according to China's national standard (GB) method called "Food microbiological examination: Enumeration of coliforms" 30 . In this study, the logarithmic (base 10) of CFU of P. aeruginosa was employed to simulate the Gompertz and Logistic models. The simulation equations of lg(CFU/g) are displayed in Table 1 . Further, the two simulation models both had very high R 2 values of up to 0.999, providing an accurate simulation for the growth stages of P. aeruginosa. In addition, the fitting growth models of S 8 and S 10 were compared to other models in terms of the logarithmic of the CFU of P. aeruginosa using the correlation coefficients (r) with values of 0.9377 (S 8 , Gompertz), 0.9346 (S 8 , Logistic), 0.9759 (S 10 , Gompertz) and 0.9754 (S 10 , Logistic), respectively. The response of S 10 supplied a relatively better fitting growth model for the growth stages of P. aeruginosa on the agar plates. Some growth kinetic parameters are Table 1 . Results of fitting growth models for P. aeruginosa on the agar plate.
listed in Table 1 , including lag time (λ ) and maximum specific growth rate (μ max ). Pronounced lag time was evident for the fitting growth models performed by individual sensors. However, there was no lag time for the curve simulation model of the logarithmic of the CFU using the modified Gompertz model. That model mainly referred to a scattered measurement of culture time and appropriate culture conditions, which caused the model to miss the detection of a lag phase of the P. aeruginosa. As Table 1 shows, the lag phase of the growth models produced by the sensors was longer than the models of the colony count of P. aeruginosa produced by two mathematic models.
In particular, S 8 indicated that changes in the odor fingerprint were generated by the growth and activities of P. aeruginosa. Comparatively speaking, the dynamic variation of S 10 was closer to the logarithmic of the CFU than that of S 8 . Hence, S 10 supplied a more accurate simulation model for the growth of P. aeruginosa on the agar plate.
Classification of agar plate samples by principal component analysis.
Principal component analysis (PCA) translates multiple variables that have strong pertinence into several comprehensive variables that are unrelated to each other using linear combination 31 . Generally, if the accumulative contribution of certain PCs reached 85%, these PCs can stand in for most of the information of the original data. PCA was employed to classify the growth situation of P. aeruginosa on the agar plate at different points in time (i.e., 0 h, 12 h, 24 h, 36 h and 48 h) using the signals of the 10 sensors. As seen in the PCA 3D plot (Fig. 3a) , the first three PCs accounted for 47.55%, 23.87% and 14.97% of the total variance, respectively. The control group (CK) contained 50 samples during the entire incubation period of 48 h (10 samples for each detecting point). The data points of the agar plate samples at 0 h, 12 h and 24-48 h were gathered, and appeared to have a clear separation from each other in the PCA 2D plot (Fig. 3b) . Also, it could be seen that data points of the plate samples at 24 h were separated from those at 36 h and 48 h in Fig. 3a , except for certain individual data points. This reflects the difference in the volatile compounds generated by P. aeruginosa on the agar plate at the four periods (0 h, 12 h, 24 h and 36-48 h). The data points of the plate samples at 36 h and 48 h partially overlapped, suggesting that there was a little difference in the volatile compounds generated by P. aeruginosa on the agar plate at 36 and 48 h. Finally, except for some overlap with data points at 0 h and 12 h, the control groups appeared to have a clear separation from the plate samples inoculated with P. aeruginosa.
The PCA results were in accordance with the growth tendency of P. aeruginosa on the agar plate. During 48 h of incubation, the colony counts of P. aeruginosa experienced lag, logarithmic and stationary phases in accordance with the consumption of the nutrients of the medium. When the bacterium had grown continuously to a certain extent, it began to produce water-soluble green metabolites and characteristic red pigments 32 . At a specific period, the colony counts of the P. aeruginosa reached a particular number, and specific metabolites were produced that sent out specific volatiles 33 . Thus, the composition of volatiles generated by the agar plates inoculated with P. aeruginosa was related to the consumption of the bacterium in the culture medium and the production and accumulation of the metabolite. This indicates that there was an apparent difference in the volatile compounds generated by P. aeruginosa on the agar plate at most of the later detection points.
HS-SPME/GC-MS analysis.
The volatile compounds of the agar plate samples inoculated with P. aeruginosa were analyzed by HS-SPME/GC-MS at 0, 12, 24, 36 and 48 h of incubation, respectively. As shown in Table 2 , 16 volatile compounds were identified on the agar plate samples inoculated with P. aeruginosa. They belonged to different chemical classes, including sulphur compounds, aromatic compounds, aldehydes, olefin, alkane, alcohols, esters and ethers (Table 2 ). According to existing research, the volatile compounds of microorganisms possess species specificity, which may serve as marker compounds to identify the species 34 . For these reasons, disulfide, dimethyl, pyrazine, 2,5-dimethyl-, cyclopropane, 1-methyl-2-octyl and cetene were positively correlated with the presence of P. aeruginosa, because these compounds appeared in later periods of incubation (after 24 h) ( Supplementary Fig. A3 ), suggesting that they may permit differentiation of the agar plate samples in terms of whether they were inoculated with P. aeruginosa. Hu et al. detected disulfide, dimethyl and pyrazine, 2,5-dimethyl-in tryptic soy broth (TSB) inoculated with P. aeruginosa after 18 h of incubation 18 . Wang discovered that a specific volatile compound in meat samples inoculated with Pseudomonas spp. was methy1 sulfide 35 , but it was not detected in this study. In particular, benzaldehyde, nonanal, hexadecanal, 2-tetradecanone, decanal, and dodecanal only appeared at 0 h during the incubation. Benzaldehyde, nonanal and decanal were detected in the control group during the 48 h incubation (Supplementary Table B3 ). Hence, it may have been the case that these compounds were diffused by the culture medium, not generated by the consumption of the bacterium inoculated with P. aeruginosa or the production and accumulation of the metabolite. Certain volatile compounds, such as 1-Hexanol and 2-ethyl-, appeared the early and later periods of incubation, but disappeared in the interim period. It was confirmed by Wang 35 that this phenomenon for 1-hexanol and 2-ethylsimilarly existed in meat samples inoculated with Pseudomonas spp.
The HS-SPME/GC-MS results indicated that there was a great difference in the composition of volatile compounds generated by agar plate samples inoculated with P. aeruginosa at different detection points. This confirmed the feasibility of using an electronic nose to differentiate different growth stages of P. aeruginosa on the agar plate.
Growth simulation of P. aeruginosa inoculated in fresh pork by gas sensors. Gas sensors response changes to P. aeruginosa in pork stored at 20 °C. An odor fingerprint map of P. aeruginosa in pork stored at 20 °C from 0 h to 96 h generated by gas sensors is exemplified in Fig. 4 . Each curve represents the average response values of 20 replicate measurements for a single sensor in a 10-sensor array. Initially, the G/G 0 values of the 10 sensors changed slightly (increased or decreased) in the first few hours (0-12 h). Then, the response values of all sensors appeared to have a sharp change after 12 h, especially S 4 and S 9 . However, there was a significant reduction in certain volatile compounds to which several sensors (S 4 , S 6 and S 8 ) were sensitive (24-36 h). During the following storage period, the responses of most sensors increasingly deviated from the initial G/Go radio; however, the responses of S 4 , S 6 and S 8 did not. At 96 h, S 9 , S 7 and S 4 presented the highest response values. During the entire storage period of 96 h, three sensors (S 9 , S 7 and S 4 ) showed more significant changes than the other sensors, suggesting that they were more sensitive to the volatile compounds generated by P. aeruginosa in pork.
Sensor selection for growth simulation of P. aeruginosa in fresh pork stored at 20 °C. In the same way, sensors were selected by loading analysis, variance analysis and Pearson correlation analysis for the growth simulation of P. aeruginosa in fresh pork stored at 20 °C. The result of the loading analysis demonstrated that LA 1 and LA 2 accounted for 90.38% and 7.32% variance. According to the rule that the selected sensors should have a higher contribution, the particular combination used was S 9 , S 7 , S 4 and S 5 for growth simulation (Supplementary Fig. A4 ).
Significance analysis of the signals of 10 sensors for fresh pork stored at 20 °C inoculated with P. aeruginosa was performed using one-way ANOVA (Duncan, P < 0.05) (Supplementary Table B4 ). Statistical analyses revealed that the response values of all sensors were significantly different at different detecting points. As described above, the selection of the optimal sensors should follow the rule that the sensors achieve the largest amount of differentiation during the entire storage period of 96 h as quickly as possible. The results showed that only S 9 met the full differentiation among all of the detecting points during the 96 h period. S 1 , S 3 , S 5 , S 6 , S 7 and S 8 all differed significantly between each pair of 8 detecting points (9 points in all). Thus, the combination of S 1 , S 3 , S 5 , S 6 , S 7 , S 8 and S 9 showed the best discrimination performance over the entire course of the 96 h storage period.
The results of Pearson correlation analysis demonstrated that there was a highly correlated block between the signals of certain sensors and the colony counts of P. aeruginosa in the pork during the 96 h storage period (Supplementary Table B5 ). For example, S 1 , S 3 and S 5 appeared to have a high negative correlation (greater than 0.94); meanwhile, S 7 , S 8 and S 9 appeared to have a high positive correlation, in a range from 0.916-0.962. And S 4 provided a relatively higher positive correlation greater than 0.85. Generally speaking, the change trends of the response values of the six sensors (S 1 , S 3 , S 4 , S 5 , S 7 , S 8 and S 9 ) were in accordance with the growth situation of the bacterium in the pork. These seven sensors should be taken into consideration as the optimal sensors for the growth simulation of P. aeruginosa in fresh pork. However, there is a regulation that the Pearson correlation between sensors could not exceed 0.99 because of overlaps in response values. The values among the three sensors (S 1 , S 3 and S 5 ) all exceeded 0.99. The other combination (S 7 and S 9 ) had a positive correlation with a value of 0.994. Therefore, only one sensor in each of the two groups was selected to stand for its group's combined results. Considering the results of the load analysis and variance analysis, sensors S 5 and S 9 had a higher contribution and showed a more significant difference in response signals. Finally, the combination of S 9 , S 5 , S 4 and S 8 was chosen for the growth simulation of P. aeruginosa in fresh pork stored at 20 °C.
Growth simulation of P. aeruginosa in fresh pork stored at 20 °C. In our work, sensors S 9 , S 5 , S 8 and S 4 were determined to have the best performance in simulating P. aeruginosa growth in fresh pork stored at 20 °C based on loading analysis, variance analysis and Pearson correlation analysis (Supplementary Fig. A5 ). In the same way, the modified Gompertz and Logistic models were applied to the fitting growth situation of P. aeruginosa. Since the response values of S 5 showed a negative correlation with the colony count, its negative values were employed to establish the fitting growth models. Based on S 9 and S 5 , the training data set had a good fit with P. aeruginosa growth in fresh pork with a high Rc 2 (greater than 0.92) and a low RMSE C (in a range of 0.06-0.36) using two mathematical models in Table 3 . These four models were validated by the testing data set, indicating a slightly decreased Rp 2 for S 5 (with a value of approximately 0.89) using both Gompertz and Logistic models. Also, the responses of S 8 and S 4 provided some fitting growth models of P. aeruginosa in fresh pork with an R 2 of 0.81-0.87 using both training and testing data sets. In addition, because the first principal component (PC 1) of the response values of 10 sensors accounted for 80.4% of the total variance, the scores of PC 1 were chosen to simulate the growth of P. aeruginosa in fresh pork. The results (Table 3) indicated that PC 1 fit well with the growth of P. aeruginosa using two mathematical models. The two models produced by the training data set of PC 1 both had a higher Rc 2 , with a value of approximately 0.93. After being evaluated against the testing data set, PC 1 also provided an accurate simulation with an Rp 2 of approximately 0.91. The colony counts of P. aeruginosa in fresh pork were determined by a basic method described by Olga S. Papadopoulou 3 . The simulation equations of the logarithmic (base 10) of CFU are displayed in Table 3 . The data points of lg(CFU/g) presented a very satisfactory simulation of P. aeruginosa growth, with an R 2 greater than 0.99 for both the Gompertz and Logistic models. The fitting growth models produced by four sensors and PC 1 were compared with models using the logarithmic of CFU of P. aeruginosa. S 9 , S 5 and PC 1 all supplied a relatively better simulation of P. aeruginosa growth, with very high correlation of greater than 0.98. Some growth kinetic parameters of P. aeruginosa in fresh pork are listed in Table 3 . Comparatively speaking, PC 1 supplied the most accurate simulation model for the growth of P. aeruginosa in fresh pork, because it had the closest lag time and maximum specific growth rate to lg(CFU/g). This was mainly because PC 1 accounted for 80.4% variance, colligating most of the information of the original signals from all of the sensors. Therefore, the PC 1 of the signals of 10 sensors was superior to that of the individual sensors for the growth simulation of P. aeruginosa in fresh pork.
No
r t a Volatile Compound 0 h 12 h 24 h 36 h 48 h 1 2.88 Disulfide,dimethyl n.d. b n.d. n.d. 22.661 ± 5.328 22.836 ± 5.
Growth simulation of P. aeruginosa in fresh pork stored at 4 °C.
Meat samples stored at 20 °C went bad rapidly and exhibited the apparent presence of off-flavors after 2 days. Hence, meat samples stored at 4 °C after inoculation were employed to study the growth situation of P. aeruginosa during a 240 h period of storage using gas sensors. The odor fingerprint of these samples experienced a similar change to those stored at 20 °C, but it was much slower. Likewise, sensors were selected according to the same processing methods (loading analysis, variance analysis and Pearson correlation analysis). Sensors S 8 , S 4 , S 9 , S 6 and S 7 had much more significant responses than the other sensors ( Supplementary Fig. A6 ). Loading analysis shows that LA 1 accounted for 80.37% variance, and S 8 , S 4 , S 9 , S 7 and S 6 contributed more than the other sensors to the variance of LA 1 (Supplementary Fig. A7 ). All sensors, apart from S 2 , distinguished more than 5 detecting points out of the 11 detecting points during the entire 240 h storage period (Supplementary Table B6 ). Pearson correlation analysis displayed the correlation between the response values of the 10 sensors and the colony counts of P. aeruginosa (Supplementary Table B7 ). S 9 , S 4 and S 7 provided a relatively higher positive correlation, with values in the range of 0.848-0.896. At the same time, S 1 , S 3 and S 5 appeared to have a negative correlation of greater than 0.74, but these three sensors made the smallest contribution in terms of the variance of LA 1 and LA 2 as determined by loading analysis. In addition, although Table 3 . Results of fitting growth models for P. aeruginosa in fresh pork stored at 20 °C.
Scientific RepoRts | 6:38721 | DOI: 10.1038/srep38721 S 8 had the largest response and made the highest contribution of all of the sensors, it provided a low correlation (0.578) with the colony counts of P. aeruginosa. Moreover, S 7 and S 9 had a very high correlation, with a value of 0.993. Hence, S 4 and S 9 were selected to simulate the growth of P. aeruginosa in fresh pork stored at 4 °C. The modified Gompertz and Logistic models were applied to fitting the P. aeruginosa growth. Results are shown in Table 4 , including the fitting models based on the colony counts and the response values of S 4 , S 9 and PC 1 ( Supplementary Fig. A8 ). Sensor S 9 performed better in terms of fitting the P. aeruginosa growth, with an R c 2 of 0.8322 and 0.8450, as measured by modified Gompertz and Logistic models, respectively. S 4 and PC 1 provided a relatively worse simulation for the growth of P. aeruginosa, with R c 2 in a range of 0.73-0.78 as measured by two mathematical models. However, these three fitting models (S 4 , S 9 and PC 1) provided high correlations, with values in the range of 0.95-0.99, in comparison with colony count fitting models. Kinetic parameters, lag time and maximum specific growth rates are shown in Table 4 . It can be seen that a single sensor (S 4 or S 9 ) provided a longer lag time than the colony count, but the PC 1 of the signals of the 10 sensors had a smaller value, as measured by two mathematical models.
Discussion
Currently, various kinds of rapid diagnostic or screening technologies are employed to detect and identify food microorganisms; methods that are not destructive are used most often 8 . The use of gas sensors has been significantly developed through the interdisciplinary contributions of chemometrics, electricity, computers, etc. Here, gas sensors were employed to support the research in predictive microbiology. It aimed at establishing a series of mathematical models used for forecasting the growth of microorganism by changes of odor fingerprint, overcoming the shortcoming of the delay in obtaining results and a long period of training by traditional microbial detecting methods. Our work evaluated the odor profiles of P. aeruginosa on agar plates using a universal PEN3 electronic nose combined with GC-MS. Studies 3, 36, 37 have established that Pseudomonas spp. is a common and typical dominant spoilage bacterium in food, including meat, vegetables and so on. In this study, signals of individual sensors were employed to simulate the growth situation of P. aeruginosa on an agar plate using modified Gompertz and Logistic models. Some kinetic parameters were provided based on odor models, such as lag time and maximum specific growth rate. As mentioned above, to date, there is no research that is similar to our work. In our study, S 10 supplied the best fitting growth model of P. aeruginosa on an agar plate with an R 2 greater than 0.9 and a RMSE of 0.04-0.07. When compared with models using lg(CFU/g), S 10 reflected a significant ability to fit P. aeruginosa growth, with a high correlation of up to 0.97 by both modified Gompertz and Logistic models. Further, in this study, PCA results indicated P. aeruginosa on agar plates appeared a clear separation at most detection points during 48 h of incubation, which was mainly due to different MVOCs generated by the bacterium at different detection points over the course of the growth period. The work conducted by Gobbi proved that volatile compounds of microorganisms are quite different in variety and quantity 31 . HS-SPME/GC-MS results indicated that the specific volatile compounds were disulfide, dimethyl, pyrazine,2,5-dimethyl-, 1-Hexanol,2-ethyl-, cyclopropane,1-methyl-2-octyl and cetene. They appeared in the later stages of the growth period, and were considered to be characteristic components for distinguishing different growth stages of P. aeruginosa on an agar plate.
The growth situation of microorganisms in real food differs from that of the growth in a culture medium to some extent, because of the rich nutrients contained in real food. And the relationship between the odor and colony counts has always been a hot topic in the research regarding food spoilage, especially meat 38 . Many studies have explored their relationships and demonstrated that the colony counts could be predicted by the odor in food by some algorithms, such as support vector machine, neural network, partial least squares regression and so on 15, 23, 39 . These work confirmed there was high correlation between the two. In our work, pork, as an excellent example of high added value food, was used for the following measurements of simulating the growth situation of P. aeruginosa. Pseudomonas spp. is a dominant spoilage bacterium in meat during the aerobic storage 3 . The microbe can only survive on the surface of meat or at a depth of 3-4 mm under the surface due to its aerobiotic . The growth of other bacteria in the chilled meat samples was inhibited because it could not compete with Pseudomonas spp. for effective oxygen molecules 41, 42 . Hence, the corruption of chilled meat, including putrid odors, was usually caused by the activities of Pseudomonas spp. In this study, responses values of sensors were employed to established dynamical models of P. aeruginosa as conventional microorganism counting did with predicting food microorganism. Also, signals of several sensors appeared curve changes like "S" fitted both modified Gompertz and Logistic equations, which were the most typical and basic curves in predictive microbiology 13, 25 . The simulating results showed that two sensors (S 9 , S 4 ) and PC 1 fit well with the growth of P. aeruginosa in fresh pork as measured by two dynamic models (Gompertz and Logistic models), with an R 2 of 0.73-0.96 and a RMSE of 0.25-1.38 for both the training and testing data sets. Compared with the actual microbial growth model using lg(CFU), all odor models provided higher correlation, in a range of 0.882-0.996. PC 1 in particular provided a high correlation (greater than 0.99) when combined with lg(CFU) in fitting the growth of P. aeruginosa in pork stored at 20 °C.
Currently, most research to date has only focused on establishing a relationship between microbial quantity and smell fingerprint. For example, Zaragozá 43 built qualitative and quantitative models of mesophilic and psychrotrophic bacteria in Atlantic salmon using an optoelectronic nose. And Papadopoulou 3 monitored the colony count of Pseudomonas spp., Brochothrix thermosphacta and Enterobacteriaceae in a beef filet during storage using a portable quartz microbalance-based electronic nose, building a strong correlation between microbial numbers and odor values. There have been no studies of the dynamics of microbial growth and describing the kinetic parameters based on odor models. Some kinetic parameters, such as the lag time and maximum specific growth rate, have great importance in monitoring microorganisms 24 . Especially the lag time was very difficult to be described in predicting the growth of microorganism in food. In this study, the lag time provided by PC 1 was relatively closer to the growth situation using lg(CFU). In the same way, PC 1 had the closest maximum specific growth rate to lg(CFU/g). Hence, the PC 1 of the 10 sensors may be employed to predict the dynamic growth situation of P. aeruginosa in pork, instead of using the traditional microbial count method. The results indicated that the use of gas sensors has the potential to be a promising microbiological monitoring technique in the future.
Materials and Methods
Bacterial strain. P. aeruginosa was provided by the College of Food Science and Technology at Nanjing Agricultural University of China. The strain was grown aerobically in a nutrient agar medium (10 g peptone, 3 g beef extract, 5 g sodium chloride, 1000 mL water, 20 g agar, pH 7.4 ± 0.1) at 37 °C and 85% RH for 3 days. Then, it was activated once again under the same culture conditions for 2 days. A single colony of a P. aeruginosa isolate was incubated in a 9 cm diameter agar plate. Then, a sterilized physiological saline solution (0.9% w/v NaCl) was used to gently wash the surface of the agar plate and a bacterial suspension of P. aeruginosa was obtained. In preparation for the following experiment, the concentration of the bacterial suspension was calculated with a hemocytometer using the formula (N/80 × 4 × 10 6 × d), where N is the total number of bacterial cells in 80 small squares and d is the dilution factor of the bacterial suspension. The final concentration was adjusted to 10 4 cells/mL.
Sample preparation. 150 agar plates were prepared by pouring 20 ± 1 g of the nutrient agar medium into the center of 9 cm petri dishes. After solidification and cooling, 100 plates were inoculated with 100 μ L of bacterial suspension, while the remaining plates were inoculated with 100 μ L of sterilized saline water as control group. Then, the plates were incubated at 37 °C and 85% RH for 48 h in an incubator at a constant temperature and humidity. Every 12 h, 30 plate samples (20 plates for P. aeruginosa and 10 for the control group) were analyzed using the electronic nose. Fresh pork obtained from the longissimus dorsi muscles of different carcasses were purchased from the local meat market and transported to the laboratory within 15 min. The surface of the longissimus dorsi was firstly swabbed with 75% alcohol. And then it was divided into rectangular pieces (4 cm × 4 cm × 1 cm, 30 g for each) in a sterile environment, after removing the surface and taking out the internal meat on a clean bench. These rectangular pieces were soaked in a bacterial suspension of 10 4 cells/mL of P. aeruginosa for 10 s, drained and then packed aerobically in 9 cm sterilized petri dishes with an air-permeable polyethylene plastic film. The petri dishes loaded with pork pieces were incubated at 20 °C and 50% RH for 96 h in an incubator at a constant temperature and humidity. There were a total of 180 meat samples and 20 samples for each detecting point (i.e., 0 h, 12 h, 24 h, … … , 96 h). 220 further meat samples were prepared using the same process and incubated at 4 °C and 50% RH for 240 h. Every 24 h, 20 samples were taken out for E-Nose measurement and microbiological examination.
Electronic nose trials. The volatile compounds of the P. aeruginosa samples were determined using a portable electronic nose (PEN 3, Win Muster Air-sense Analytics Inc., Germany). The PEN3 E-nose consisted of a sampling system, a detection system and a pattern recognition system. The detection system was equipped with 10 metal oxide gas sensors that were partially selective toward different volatile compounds (Supplementary Table  B8 ). Each sensor was generally sensitive to a specific set of volatile components (i.e., S 8 was sensitive to alcohols and partially aromatic compounds). The pattern recognition system was used for data recording and analysis.
An agar plate inoculated with P. aeruginosa was placed in a 1000-mL beaker, sealed by tinfoil and conditioned at room temperature (20 °C ± 1 °C) until the volatile compounds in the headspace were equilibrated. In addition, a fresh pork piece inoculated with P. aeruginosa was placed in a 250-mL beaker and left at room temperature for 10 min to generate volatiles in the headspace. Following the cleaning process, the headspace gas from the beaker was injected into the sensor chamber at a constant rate of 300 mL/min. After the headspace gas entered the sensor chamber, the G/G 0 ratio of the 10 metal oxide sensors immediately changed, which reflected the relative conductance of the sample gas in comparison with clean air. In the electronic nose trials, the total cycle time per sample was 3 min and 5 min for plate and meat samples, respectively. Volatile compounds from the agar plate samples were analysed by the electronic nose under the following conditions: cleaning time: 110 s; automatic zero setting time: 5 s; sample preparation time: 5 s; sample measurement time: 60 s; carrier gas: clean air (80% N 2 , 20% O 2 ). For the meat samples, only the cleaning time was changed and set at 230 s in order to clean the remaining gas from the sensor chamber.
HS-SPME/GC-MS trials. The volatile compounds of the agar plate samples were absorbed by HS-SPME, separated by GC (450 GC, Bruker, USA) and analyzed by MS (320-MS, Bruker, USA) at 0, 12, 24, 36 and 48 h of incubation. Following E-nose analysis, an agar plate was placed in a 250-mL beaker, sealed by tinfoil and conditioned at 30 °C in a water bath to enhance desorption of the volatiles from the agar plate into the headspace of the breaker. A PDMS/DVB fiber (poly-dimethylsiloxane, 65 μ m, Supelco, USA) was aged in the GC injection port at 250 °C for 30 min and then exposed in the headspace of the agar plate sample for 60 min to extract volatile compounds. After extraction, the fiber was inserted into the GC injection port and thermally desorbed for 5 min. Volatile compounds were immediately transferred to the GC system and separated by a quartz capillary column (30 m × 0.25 mm i.d., 0.25 μ m film thickness, BR-5ms, Bruker, USA). Initial column temperature was held at 50 °C for 3 min. Then, it was raised from 50 °C to 160 °C at a rate of 5 °C/min and maintained for 5 min. Next, it was increased to 250 °C at a rate of 13 °C/min and maintained for 2 min. The flow rate of the carrier gas (helium) was 1 mL/min. After separation, the volatile compounds were identified by the MS system. The ion source and the MS Quard were set at 230 °C and 150 °C, respectively. Electron impact mass spectra were recorded at 70 eV ionization energy. The mass scanning range was from m/z 30 to 450.
The volatile compounds of the agar plate samples were identified by a comparison of their mass spectra with data from the NIST library (2013) using a positive and negative match quality higher than 800. The relative content of every acquired compound was calculated by the percentage of the peak area that accounted for the total peak area of all acquired compounds. Each test set comprised three replicates and one control.
Data analysis and mathematical modeling. In this study, odor fingerprint information was extracted using different data processing methods to predict the growth situation of P. aeruginosa. On the one hand, the signals of the individual sensors were extracted to simulate the growth of P. aeruginosa. On the other hand, the principal component scores of the response values of the 10 sensors were extracted by PCA (DPS14.5, Hangzhou Ruifeng information technology co., LTD, China) for simulating the growth of P. aeruginosa; this approach reduced superfluous information and simplified the calculation compared with the above processing method. PCA is a linear pattern recognition method and is widely used to reduce dimensionality and extracting features. In addition, the linear relationship between the odor fingerprint and the colony counts of P. aeruginosa was measured using Pearson correlation analysis (SPSS 18, Inc., Chicago, IL, USA). Loading analysis (Win Muster v.1.6 Air-sense Analytics Inc., Germany) was carried out to weigh the contribution of the 10 sensors. Duncan's multiple comparison test (P < 0.05) of one-way ANOVA (SPSS 18, Inc., Chicago, IL, USA) was performed to determine the difference in the odor fingerprint of P. aeruginosa at different detection points.
In our work, two mathematical models were chosen to predict the growth situation of P. aeruginosa on agar plates and fresh pork samples using electronic nose data. These models were the modified Gompertz model (Eq. (1)) and Logistic model (Eq. (2)). In Eq. (1) and Eq. (2), R (G/G 0 ) was the response value of the sensor combined with sample gas; R 0 and R max (G/ G 0 ) were the initial response value and maximum response value, respectively; μ max (h −1 ) was maximum specific growth rate of the response value; and λ (h) was the lag time of the response value.
Fitting the growth model of P. aeruginosa using electronic nose data was performed using the Curve Fitting Tool in MATLAB 2010b software (The Math Works Inc., Natick, USA). There were 20 data points at each detecting point for both agar plate and meat samples that were used to simulate the growth of P. aeruginosa. Among this data, 15 points were used to establish the mathematical model and the other 5 points were used for testing the model. The best fitting model was determined according to the following parameters: the coefficients of determination (R 2 ) and root mean squared error (RMSE). Further, the performance of the fitting growth models using electronic nose data was evaluated by comparing the correlation coefficients (r) with the growth models based on colony forming units (CFU).
